I. INTRODUCTION
Air pollution has attracted increasing attention in recent years, due to its negative effects on the human health and environmental problems [1] [2] [3] . The relevant interesting questions include the spatial-temporal pattern of air quality, the propagation of air pollution, the relations between air quality and earth environment, etc. Previous studies in this domain would be generally divided into two groups: 1) Time series analysis: It was often used to describe some basic features of air quality data [4] . For example, Schwartz [5] found that there are strong correlations between air pollution levels and daily mortality in London. Kim [6] proposed a generalized linear model based on the time series data of ozone in Southern California, the model can effectively capture the seasonal non-stationary in ordinary time series. The relation between AQI and social environment was also studied in [7] , they analyzed the AQI of 31 provincial cities of China, and found that the value of AQI is positively correlated with the economic level and population level. 2) Complex networks: It is an active area of studying the non-trivial topological features, and relations within the multi-agent systems [8] [9] [10] . It could be also used to study the features and evolution of the time series data [11] [12] [13] [14] [15] . Representative works, such as, Fan [16] studied the PM 2.5 time series data by networks. The phase spaces are denoted as nodes, and edges are assigned to nodes with higher corre-lation coefficients. They analyzed the relations between the criteria of correlation coefficients and the topological quantities, the similarities of different cities' air quality. Carnevale [17] use neural network to find the source of air pollutants, and found that the source of PM 10 is the easiest and most accurate to be located. Zhang [18] studied the correlation and scaling behaviors of PM 2.5 time series of different cities of China, and found that the probability distribution of the correlations has two peaks, the weighted degree distributions of networks with different kinds of correlations are also discussed.
Time series analysis and complex networks are two useful metrics for carrying out the quantitative analysis of the air quality data. However, most of the previous works did not consider different cities as a whole system (other than the fluctuations, there should be interactions and correlations), and the geographical factors are not taken into account when analyzing the temporal characteristic of air quality. Therefore, we dedicate to study both the air quality patterns and the correlations of different cities with more complete datasets as we can [19] , that is, the AQI series data of totally 363 cities from Jan. 2015 to Mar. 2019.
Through calculating the Pearson Correlation Coefficients [20] of AQI series data between each pair of cities, we construct the AQNC by using the PMFG algorithm [21] [22] [23] . The probability distribution of the geographical distances of cities which have direct links in AQNC shows that the air pollution has a strong correlation within 100 km and this correlation would become weak as the distance increases. Seven communities are detected in AQNC with the modularity maximization algorithm [24] , the detection results are reasonable both for the large arXiv:1911.01845v1 [physics.soc-ph] 4 Nov 2019 modularity and the geographical distribution. The air quality patterns of each community are studied by considering the long-term memory effects and geographical environments. To uncover the characteristics of the motifs of AQI series data, we use the visibility graph to explore the evolutionary patterns of motifs.
The rest of the paper is organized as follows. In Section 2, the AQNC is constructed by PMFG, the basic properties of AQI and the correlations of air quality of different cities also studied. In Section 3, the community structure of AQNC is detected, and the patterns of different communities are analyzed by taking into account the regional average Hurst exponents, average Hurst exponents of each city, etc. Section 4 shows the results of AQI evolutionary pattern using the visibility graph method. Conclusions and discussions are made in Section 5.
II. CONSTRUCTION OF AQNC AND CORRELATION OF AQI OF DIFFERENT CITIES
The AQI of China is introduced in 2012, its comprehensive evaluation is based on the pollution index of SO 2 , N O 2 , CO, P M 2.5 , P M 10 , and O 3 [25] . We collected and processed the daily AQI time series data of 363 cities of China from Jan. 2015 to Mar. 2019 [19] . The AQI time series data is transformed to AQNC by employing the well-known PMFG method. Based on the correlation of AQI of different cities, the geographical distance on the air pollution diffusion has been investigated.
A. The construction of AQNC and some basic properties of AQI
The Pearson Correlation Coefficient is introduced to calculate the relations of AQI time series data of N = 363 cities. The C t,δ ij between cities i and j during the time period δ (whose center time point is t) is defined as
where the I t i is the air quality index of city i at time range {t − δ/2, t + δ/2}. After we calculate the N × N correlation coefficients C t,δ ij of each city i and city j, we get the air quality correlation matrix.
The correlation matrix of air quality of N cities is transformed to network by using the PMFG method [23] . All the C t,δ ij are ranked by their values, edges are added between cities i and j from the largest one, but should keep the network as a planar, and 3(N − 2) edges will be added in the network. The main advantage of PMFG is that it could keep the minimum spanning tree, while nodes could be connected with less edges.
The average correlation coefficients C of each pair of cities are calculated for different correlation length δ ranging from 30 days to 180 days (in order to reduce the error for only one constant correlation length). The evolutions of C and the average AQI ( AQI ) of all cities are shown in Fig. 1 . One could find that both C and AQI have the one-year cycle. When AQI is larger, C also becomes larger. While the peaks of the curve of C slightly shift to the left compared to that of the curve of AQI . It means that after C reaches the largest value, the air quality would become worse then.
B. Air pollution diffusion distance
Wind is an important factor that affects the diffusion of air pollutions [18] . Normally the closer the geographical distance of two cities, the stronger the correlation of their AQI would be. Therefore, we investigate the relationship between C of any two cities and their geographical distances, the result is shown in Fig. 2 , one could observe that C decreases sharply as the geographical distances increase. When the distance is larger than 660 km, C becomes smaller than 0.4, which indicates the weak correlation. Boers [26] studied the global rainfall teleconnections by calculating the probability distribution of distances of links between different places within the network. They found a critical distance of 2500 km, within the critical distance, the rainfall shows a regional weather system, when the distance is larger than 2500 km, the rainfall teleconnections are the global-scale ones. In this realm, we both investigate the probability distribution of geographical distances of any two cities and of the connected cities in the AQNC, the results are shown in Fig. 3 . The probability distribution of distances of any two cities follows P (d) ∼ e −0.00175d d 1.564 , the peak of the distribution is around 1000 km. But the peak of the probability distribution of distances of links in AQNC is around 100 km. There are two regimes of the distribution, the critical distance is around 100 km. In the region of (10, 100) km, the probability distribution of distance follows P (d) ∼ d 1.56 , while in the region of (100, 1000) km, P (d) ∼ d −2.11 . It means that the correlations of AQI series among the cities within 100 km are high, and these amount of cities are connected in AQNC. The correlation will become weak between cities with longer distances. Furthermore, the relationship between the average AQI (over all the periods) of a single city AQI S and its neighboring cities' average AQI AQI N have been investigated. Considering the correlation coefficient and geographical distance in Fig. 2 , we assign 660 km as the neighboring influential range. Results are shown in Fig. 4 (a), one may observe that the higher the average AQI of a city, the higher the average AQI of its neighboring cities. The probability distribution of the correlation coefficients between each city's AQI and its neighboring cities' average AQI is shown in Fig. 4(b) , it is obvious that the peak of the distribution is around 0.8, which shows very strong positive correlations. All these results demonstrate that the neighboring cities can have very It is plotted in log-log scale, red line is the fitting cure in the range of (10, 100) km, while the green line is the fitting curve in the range of (100, 1000) km. similar AQI patterns.
III. COMMUNITIES OF AQNC AND THEIR PATTERNS
The community structure of AQNC is detected by using Newman's modularity maximization algorithm [27] , the result is compared with the geographical location of cities. The Hurst exponents of a city's AQI series data and a community's AQI series data are calculated, respectively. By taking into account the monsoonal distribution, precipitation distribution and other geographical climate factors, we analyze the different patterns of AQI belonging to different communities. The probability distribution of the correlation coefficients between each city's AQI series data and its neighboring cities' average AQI series data.
A. Results of community detection
As shown in Fig. 5(a) , seven obvious communities of AQNC have been detected, which modularity is 0.76. From Fig. 5(b) , one could find that the cities belonging to the same community almost locate in the same region, this indicates that the air quality of a city is largely influenced by its geographical location, i.e., the similar pattern of air quality is mostly due to the similar geographical environment. Therefore, the names of the seven communities and their geographical features are as follows: 1) East China: Flat area with medium precipitation, close to the East China Sea. 2) Southwest Highland: Highland area with medium precipitation, lack of wind. 3) Northeast China: Plenty of wind [28] , no monsoon and lack of precipitation. 
4) Basin of China:
Basin area with medium precipitation, lack of wind. 5) Central-north China: Flat area with medium precipitation, lack of wind. 6) Southeast China: Area with extreme high precipitation, the cities locate on the monsoonal path. 7) Central-south China: High precipitation and lack of wind.
B. AQI pattern analysis by Hurst exponent and environmental factors
The Hurst exponent measures the long-term memory of time series [29] . We calculate the Hurst exponent by employing the rescaled range analysis (R/S analysis) [30] , for a time series of length n, X = X 1 , X 2 , ..., X n , the rescaled range is calculated as follows:
Y t = X t − m for t = 1, 2, ..., n,
Using the above formulas, we can calculate the rescaled range R/S(n) = R(n)/S(n), average all the partial time series by length n, and obtain R/S(n) ∼ n H , where H is the Hurst exponent. Values of Hurst exponents of the AQI time series of all 363 cities were shown in Fig. 7(a) , and the value of the Hurst exponent H A of the average AQI time series of all cities is 0.87. These results show that the AQI time series have the strong long-term memory effects, regardless of the climate patterns or geographical locations of the cities. We average the AQI time series of cities within the same community, and calculate each community's Hurst exponent denoted as H C (see Table. I and Fig. 7(b) ). The community's Hurst exponent H C was compared with the average Hurst exponent of all single cities within the community (denoted as H S ) in Fig. 6 . The H C is larger than H S for each community, since the time series of average AQI of a community has smaller fluctuations. H C and H S are linearly correlated except community 3 (Purple color point) that exhibits an abnormal feature (see Fig. 6 ). The Hurst exponents of different communities obey their own rules, since for each community, it has its own geographical aggregation effect, therefore we compare the geographical characteristic of each community, including the precipitation, monsoon, wind and regional geomorphic feature, with its Hurst exponent, see Table. I.
From the community view of AQNC, we would conclude as follows: 1) The values of the H S and H C are relatively large in the basin area, due to the very low wind/air exchanges which implies that the AQI time series of the basin area has strong long-term memory. 2) The monsoon and precipitation are negatively correlated with the Hurst exponents of single cities, as well as communities. Since the monsoon and precipitation could influence very large area, so as to break the air pollution accumulative effect, and lessen the Hurst exponents. 3) The wind (local area) could reduce the value of the Hurst exponent of single cities, but could not reduce the value of communities (H C ). Since it can only influence the AQI change in smaller area (single city), and it is not the same as monsoon which can influence large area (the community area). 
IV. MOTIFS OF AQI TIME SERIES BY THE VISIBILITY GRAPH
The visibility graph method was used to analyze evolution features, especially the motifs of AQI time series. Some standard motifs were recognized by comparing the original time series with the shuffled ones. We further studied the stability of these motifs of different communities by checking their long-term memory effects.
A. The process and properties of visibility graph
The visibility graph was proposed by Bezsudnov [32] and used to transform the time series to graphs, then these graphs are regarded as vertices to construct a new network [33] . Here, we choose five timing points from t to t + 4 and set every timing point as one vertex in the network, if two elements (e.g., with height being the value of AQI) at different timing points are visible, they will be connected in the network (see Fig. 8(a) ). So we considered each time window with length 5, and set every timing point as a vertex. An edge is added if two vertices (with the height of AQI value) could see each other, for which the direction is from the early timing vertex to the subsequent one. Please find the schematic diagram in Fig. 8. Fig. 8(c) is the corresponding adjacency matrix of the graph in Fig. 8(b) . The values of elements on the red line are 1 since they reflect the adjacent timing points. The values of elements below the diagonals are 0. Thus we can represent the visibility graph by the elements above the red line. According to the previous results [34] , for 5 timing points, the connection patterns in the visibility graph can be divided into 25 kinds. We denote the network composed of 5 timing vertices as a mode g t , and the next shifted (only one step) 5 timing vertices as g t+1 , and so on. So the time series of AQI can be denoted as g t , g t+1 , g t+2 , ..., g t+n . For the next step, we add an edge for any two consecutive mode g t , g t+1 , and the same mode of visibility graph as one point, then the network is constituted by 25 visibility graphs, and the mutual transformation can be obtained, which is named as the visibility network. The network is shown in Fig. 9 , which could reflect the patterns and rules of AQI evolution. The larger points mean the patterns appear in AQI series much more frequently, and the thicker line means the two patterns have higher probability of transforming from one to another. We calculate the top 8 nodes with largest frequencies of all communities (shown in Table. II).
B. Characteristics of Motifs of the AQI time series
To investigate the characteristics of motifs of AQI time series, we shuffle the AQI series and construct some new visibility networks, then we compare the frequency of t each visibility graph between the two visibility networks. If the degree of an original visibility network is larger than that of the shuffled visibility network, this visibility graph could be called the "motif pattern". The different visibility graphs are ranked by the distinction between the original time series and the shuffled one. The top five motifs and corresponding time series of seven communities are shown in Tab. III. The motifs are not the same with the top frequency visibility graphs (Table. II), and the motifs 1 and 2 of all communities are the same. Then we calculate the Hurst exponents of motifs in seven communities. We implemented the metric [33] of calculating the Hurst exponent of discrete time series with different interval as follows: The top three motifs are chosen to calculate the Hurst exponents of AQI se-ries. Firstly, we denote the time of the chosen motif as ω k , where k = 1, 2, ..., M means the motif is the k-th appeared one in the time series. Then we set Ω j = (ω j+1 − ω j , ω j+2 − ω j+1 , ..., ω j+n − ω j+n−1 ), (7) where j = 1, 2, .., M − n, then
(ω j+n − ω j ) (i = 1, 2, ..., n.). (8) The Hurst exponent can be calculated as 
Motif 1: HG∼0.599636 In the relation R/S(n) ∼ n H G , H G is Hurst exponent of the visibility graph pattern. We can calculate H G by setting n with different values in the range of (0, M/2).
Since the fluctuation of AQI series of single city is large, we average the AQI series of all cities within one community, then we can obtain seven AQI averaged series. Since the fourth and the subsequent motifs in each communities have low frequencies, their Hurst exponents could not be calculated, therefore we have only studied the top three motifs, and the relation between R/S and n is presented in Fig. 10 and the H G exponents of all the communities are listed in Table. IV. Results show that most of the H G exponents are larger than 0.5 or approximately equal to 0.5. Therefore, the evolutionary patterns have the longterm memory effect and the same motifs always appear in the similar time interval, which means that they are stable. 
CONCLUSION
We have analyzed the AQI time series from network perspective by using the PMFG method. The correlations of AQI between different cities have been calculated, it is found that there are strong correlations between cities within 100 km. Seven communities of the AQNC have been found, and we observe that the cities in the same community almost distribute in the same region. We have also calculated the regional Hurst exponent and single city's Hurst exponents, respectively, and found that the AQI time series have strong long-term memory effect. Furthermore, we have used the precipitation, monsoon, and geographical environment to explain the pattern of AQI, regional Hurst exponent, and average Hurst exponent of single cities in every community. Lastly, we have transformed the AQI time series to visibility graphs, and got the motifs of seven communities. The Hurst exponents of motifs have been calculated, and results indicate that the evolutionary patterns of AQI in most communities are stable.
